The three-dimensional conformation of a genome can be profiled using Hi-C, a technique that 12 combines chromatin conformation capture with high-throughput sequencing. However, structural 13 variations (SV) often yield features that can be mistaken for chromosomal interactions. Here, we 14 describe a computational method HiNT (Hi-C for copy Number variation and Translocation 15 detection), which detects copy number variations and inter-chromosomal translocations within 16
BACKGROUND 25 26
The Hi-C assay provides genome-wide identification of chromatin interactions, thereby enabling 27 systematic investigation of the three-dimensional genome architecture and its role in gene 28 regulation [1] . Hi-C data have been used, for example, to characterize topologically associated 29 domains (TADs), which are megabase-sized local chromatin interaction domains within which 30 genomic loci interact with higher frequency [2] [3] [4] . Characterization of genome organization using 31
Hi-C data has enhanced our understanding of a number of biological processes, such as X-32 inactivation [2, 5] , cell cycle dynamics [6] , and tumor progression [7] . 33 34 However, it has been shown that structural variations (SVs) can confound the interpretation of 35
Hi-C data [6, [8] [9] [10] [11] . For example, when there is copy number increase, the observed number of 36 sequencing reads that correspond to chromosomal interactions in that region will be larger than 37 expected, not because there is greater frequency of interaction but because there are multiple 38 copies of that region. Similarly, when there is an inter-chromosomal translocation, the reads that 39 correspond to interactions between the translocated segment and its proximal regions will be 40 inflated, but this should not be mistaken for changes in interaction frequency. 41 42 One approach to mitigate the impact of SVs on the Hi-C interaction map is to first identify SVs 43 using whole-genome sequencing (WGS) data and then use that information to adjust the Hi-C 44 map. Although a great deal of progress has been made in WGS-based SV detection [12, 13] , the 45 use of WGS data requires additional sequencing and analysis expertise. Furthermore, SV 46 breakpoints within repetitive regions, which are often genomic SV hotspots, cannot be easily 47 detected from WGS due to low mappability [14] . Indeed, Hi-C and WGS data are 48 complementary in SV detection: as Hi-C read pairs span genomic distances from base pairs to 49 megabases, they enable detection of breakpoints in repetitive regions when one read of a read 50 pair maps to a repetitive region and the other maps to a surrounding mappable region (Supp. Fig.  51 1). 52 53 Here, we present HiNT (Hi-C for copy Number variation and Translocation detection), an 54 algorithm for detection of copy number variations (CNVs) and inter-chromosomal translocations 55
in Hi-C data. Based on simulated data and comparisons to variants identified in WGS, HiNT 56 adjustment, the 1D profiles for K562 (human chronic myelogenous leukemia cell line; known to 88 have high genomic instability) and GM12878 (human lymphoblastoid cell line) show similarity 89 to each other but not with the copy number profiles estimated from WGS. However, when we 90 remove Hi-C internal biases in K562 by using GM12878 as a control (Fig. 1B, right) , the 1D 91 coverage profile becomes highly correlated with the (ploidy-adjusted) copy ratios estimated from 92 WGS data. This result shows that proper normalization is essential in extracting copy number 93 information from Hi-C data. Given that an appropriate control is often unavailable, HiNT-CNV 94 uses a generalized additive model to remove the biggest sources of bias: GC content, 95 mappability, and restriction fragment length [17] . The boundaries of CNV segments are 96 determined using the BIC-seq segmentation algorithm, which utilizes the Bayesian information 97 criterion to identify regions with enriched or depleted read counts [18] . 98
99
HiNT-TL (Supp. Fig. 2 ) detects translocations by analyzing normalized inter-chromosomal 100 interaction matrices. In general, contact probabilities between two regions on the same 101 chromosome decrease monotonically with distance, and inter-chromosomal interactions are 102 considerably less frequent compared to intra-chromosomal ones. When an inter-chromosomal 103 translocation occurs, we expect the contact probabilities in two opposite quadrants around the 104 breakpoint to be elevated to the levels observed for adjacent chromosomal regions (Fig. 1C ). 105
Thus, HiNT-TL identifies candidate translocated chromosomal pairs based on the presence of 106 high contact probabilities and their unequal distribution. To identify exact breakpoints, HiNT-TL 107 first identifies the breakpoint regions with a coarse 100kb resolution from the 1D profiles (see 108 Methods). HiNT-TL then uses Hi-C ambiguous chimeric reads located within these regions to 109 refine breakpoints to single base-pair resolution. 110 111
CNVs predicted by HiNT from Hi-C are consistent with those identified from WGS 112
To predict CNVs, we first calculate the coverage profile throughout the genome at 50kb 113 resolution. We then correct for Hi-C biases such as GC content, mappability, and the number of 114 restriction sites (given a fixed bin size, the number of expected fragments depends on the number 115 of cut sites by the restriction enzyme used). To model the non-linear correlation between 1D 116 coverage and biases observed (Supp. Fig. 3 ), we use a generalized additive model (GAM) with 117 the Poisson link function. GAM is an ideal framework here, as it allows non-parametric fitting 118 with relaxed assumptions on the relationship between predictor and response variables. The copy 119 number information is extracted from regression residuals by the following equation: 120
where D (DE.,4,:) (•) is an unspecified function estimated for each predictor variable and is the 122 regression residual. The model fits better for GM12878 ( 4 = 0.798) than for K562 ( 4 = 123 0.631), since K562 is known to have more SVs. 124
125
To evaluate CNVs identified from Hi-C, we compare the log2 copy ratios along the genome 126 from the model above with those estimated from WGS. For K562, we see that copy number 127 alterations are prevalent and that the log ratios from Hi-C and WGS are mostly concordant ( To compute this index, we estimate the cumulative distribution of contact frequencies in each 178 square of the interaction map (we use 1Mb x 1Mb) and determine how much it deviates from a 179 linear increase. A high index corresponds to more uneven distribution of interaction strength. 180 Second, the maximum interaction level surrounding the breakpoint should be high for a 181 translocation. Regions without a translocation but with a high noise level may satisfy the first 182 criterion of uneven contact frequencies, but their maximum interaction level would not be large. 183
Combining the two features (interaction level and evenness), we define the rank product score as 184 Fig. 9 ). 208
Compared to the detected chromosomal pairs, no translocation signature can be visually detected 209 from the interaction matrices for missed pairs. In addition, the sharp boundaries at translocation 210 breakpoints on the 1D coverage profile can only be found in our predicted translocated 211 chromosomal pairs. Thus, we believe that there are some translocated chromosomal pairs that are 212 simply not reflected within Hi-C data, or the validation data may be incorrect, e.g., due to the 213 variation among the K562 lines. We further examined four more cancer cell lines, including 214
HelaS3 (cervical carcinoma), LNCaP (prostate carcinoma), Panc1 (pancreatic carcinoma), and 215 T47D (breast cancer). We found that the rank product and the maximum interaction perform 216 better than the Gini index in LNCaP, T47D, and Panc1, whereas the rank product and Gini index 217 are more predictive in HelaS3 (Supp. Fig. 7E ). Fig. 10A ). To remove these false positives, we 229 impose a filtering step in which only those with one quadrant (unbalanced translocation) or two 230 diagonally-opposed quadrants (balanced translocation) around the candidate breakpoint have 231 very high interactions (Supp. Fig. 10, Methods) . Here, we define a high interaction frequency as 232 being greater than the 99th percentile of all the interactions between the two chromosomes. 233 234 Next, we determine the precise coordinates of the breakpoints by using ambiguous chimeric 235 reads [16] (Fig. 1A) . These reads have their primary alignment near a breakpoint in one 236 chromosome (e.g. chrA) and their clipped part align near a breakpoint in another chromosome 237 (e.g. chrB). HiNT provides the intervals in which the breakpoints occur (100kb resolution) and, 238 as long as the breakpoint does not occur in an unmappable region, the exact location of the 239 breakpoint (1bp resolution). 240 241
Hi-C can supplement WGS by locating translocation breakpoints in repetitive regions 242
To assess its performance, we compare the translocation breakpoints determined from Hi-C 243 using HiNT with those detected from WGS using Delly [27] and Meerkat [28] . In K562, 56 and 244 173 inter-chromosomal translocations are detected by Meerkat and Delly, respectively, with only 245 14 translocations detected by both (Fig. 5A ). This level of discrepancy is not unexpected [29] 246 and is indicative of the difficulty of detecting SVs in general. When we intersect these 14 247
consensus WGS-based translocations with those detected by HiNT, we find that 5 are in 248 common (Fig. 5A ). Two additional ones were found by HiNT and either Meerkat or Delly but 249 not both. In these 7 cases, the breakpoints were exactly the same at the nucleotide level, 250 confirming the accuracy of the calls (Supp. Table 2 ). An example is a translocation between 251 chromosome 9 and 22 shown in Fig. 5B , with more than 100 supporting clipped reads in Hi-C 252 data and many discordant reads in WGS data (Fig. 5C ). 253
254
Thirty-three translocations are detected only from Hi-C data ( Fig. 5A ; listed in Supplementary 255 Table 3 and can be viewed interactively by HiGlass [30] at http://18.215.251.253/). For example, 256 a significant rank product score is found between chr3 and chr18 in the Hi-C interaction matrix 257 ( Fig. 5D ), and three breakpoint regions are detected by HiNT including one validated by FISH 258
[24] (Supp . Table 4 ). However, few discordant reads are identified from WGS. A major reason 259 for this difference is the low mappability around those breakpoints. As illustrated in 260
Supplementary Figure 1 , the long physical distance between Hi-C read pairs allow identification 261 of translocations whose breakpoints occur in a repetitive region-the paired reads can "jump 262 over" the repeat region and map to surrounding mappable regions, even though the breakpoint 263 itself cannot be mapped. Indeed, we find that large repeat (>1kb) regions (as found in repBase 264
[31]) make up a disproportionately large fraction of regions containing Hi-C-only breakpoints 265 compared to WGS consensus breakpoints (Fig. 5E ). We note that repetitive regions with high 266 sequence divergence are mappable, but we used the term 'repetitive region' for conceptual 267 clarity. 268
269
For the translocations detected only in WGS, some are missed in Hi-C due to its more uneven 270 genome coverage. In other cases, we find that, surprisingly, the discordant reads from WGS 271 contain a large fraction of single nucleotide polymorphisms or have low mapping qualities, 272 indicating issues in read alignment (Supp. Fig. 11 ). Consistent with that observation, 273 translocation signatures are not found in the Hi-C interaction maps. These analyses suggest that 274
Hi-C is a powerful tool to detect translocations and can complement WGS, especially for 275 detecting those with breakpoints in repetitive regions. identified 20 correctly while calling additional 5 breakpoints (Supp. Fig. 12A ). The one missing 298 translocation was located at the centromere of chr21 (Supp. Fig. 12B ). In contrast, HiCtrans 299 called 531 translocations (distributed across 100 different chromosomal pairs), but none were 300 bona fide translocations (Supp. Fig. 12C) . 301
302
We also compared HiNT, HiCtrans [19] , and hic_breakfinder [24] on the K562 data. As shown 303 in Supp. Fig. 12D -E, HiNT has the highest AUC measure (0.85 vs 0.78 and 0.77, see Methods) 304 as well as the best precision-recall curve. Additionally, we found that while HiCtrans identified 305 132 translocated chromosomal pairs, which is more than half of the number of all chromosomal 306 pairs, only 10 of them contain known translocations. Among all 931 breakpoints (~1Mb 307 resolution) identified by HiCtrans, only 2 of them cover what are detected from WGS by both 308
Meerkat and Delly (Supp. Fig. 12F ). On the other hand, hic_breakfinder identified 77 309 breakpoints (~100kb resolution). Among these breakpoints, 4 are identified by both Meerkat and 310
Delly (Supp. Fig. 12F ). This suggests a higher false discovery rate of HiCtrans and 311 hic_breakfinder than HiNT. Furthermore, we found that 60% (24/40) of HiNT-identified 312 breakpoints can also be identified by other methods. In contrast, this value is only 35% (27/77) 313 and 3.0% (28/931) for breakpoints output from hic_breakfinder and hictrans, respectively (Supp. 314 
Simulation of inter-chromosomal translocations in Hi-C contact maps 352
The simulation pipeline defines two random coordinates from distinct chromosomes as the origin 353 and destination of the translocation (e.g. x on chr1, and y on chr2). Then, it creates the 354 translocated version of interaction matrices for chr1 to chr1, chr2 to chr2, and chr1 to chr2 via 355 rearranging the original interaction probabilities. 356
357

SV detection from WGS 358
SV detection from WGS was carried out using Delly and Meerkat. To omit germline SVs, we 359 used NA12878 as a control genome. Default parameters were used to run Delly. Only 360 translocations that passed the internal quality control and were marked as "PRECISE" in Delly 361
were used for comparison. Default parameters were used to run Meerkat, and filtering step was 362 performed according to the post-processing steps described in the tool manual. Only valid 363 precise inter-chromosomal translocations were kept for comparison. 364 365
Gini Index calculation 366
For each Hi-C inter-chromosomal interaction matrix M, we first sorted the contact regions, based 367 on the adjusted contact frequencies between these two regions, from lowest to highest, then 368 calculated the cumulated contact frequencies of matrix M. Regions that did not form contacts 369 with any other regions were excluded. A plot of this functional relationship is called a Lorenz 370 curve. The Gini index is computed as twice the area between the Lorenz curve and the diagonal. 371 372
Breakpoint filtering 373
To remove false discovered change points, we first construct two-dimensional Cartesian 374 coordinate systems originating from the intersection of each pair of candidate breakpoints. For 375 each coordinate system, we then define four, 5-bin-by-5-bin quadrants around the origin, and we 376 calculate the average interaction frequency within each quadrant (Supp. Fig. 10A ). The valid 377 breakpoints for translocations should have only one (unbalanced translocation) or two (balanced 378 translocation) quadrants with very high interactions, and the remaining quadrants should have 379 lower interaction frequencies (Supp. Fig. 10B upper panel) . More specifically, for balanced 380 translocations, the two quadrants with high interaction frequencies should diagonally oppose 381 each other (Supp. Fig. 10B upper panel) . If zero, three, or all quadrants have high interaction 382 frequencies, the proposed breakpoints are considered false positives and removed (Supp. Fig.  383 10B lower panel). Here, we define a high interaction frequency as being greater than the 99th 384 percentile of all the interactions between the two chromosomes. 
